This paper studies the location-routing problem of big event logistics. We propose a mathematical model framework, which considers many aspects of logistics network design for big event, some of which have not received enough attention in the literature. Aspects to be considered include: multi-commodity, perishability of goods, combined storage strategy, vehicle capacity limitation, multi-vehicle, multi-point distribution, etc. In addition, while constructing the bi-objective model with the shortest total distribution time and the lowest total cost, the objective weight coefficients are set up according to the sensitivity of different perishable commodities to time and cost, and the sensitive types of each commodity are discussed. In terms of solving solution, the model is strengthened firstly, that is to reduce the number of 0-1 variables, increase the search space limitation, and do clustering analysis combined with the characteristics of data distribution. Finally, an optimized model is obtained, which is a mixed-integer linear programming model that can be tackled to get the optimal solution by an off-the-shelf solver using the branch and bound algorithm. In particular, we take the Beijing 2022 Winter Olympics as a practical case, and combine the location-routing results with the logistics situation in reality to discuss the impact of food perishability on the dual goals and give management inspiration through mathematical analysis.
I. INTRODUCTION
In this paper, we study the location-routing problem of multi-commodity and bi-objective. The object of study is big events (such as the Olympic Games, World Championships, etc., which has several venues) with clear delivery time. The object of logistics is perishable commodities (meat products, aquatic products, dairy products, fruits and vegetables). Big event logistics (BEL) belongs to a special kind of logistics. Compared with other conventional commercial logistics, BEL takes security as its primary objective and pursues a balance between timeliness and cost. While the usual decision-making goal of conventional commercial logistics is to minimize costs or maximize profits, see Wu et al. [45] , de Keizer et al. [9] . Compared with emergency logistics, BEL has more decentralized demand points, and needs different types of perishable goods, which need to be stored and transported by classification. The alternative points of cold chain distribution centers (DCs) need to be selected by leasing from existing urban DCs (BEL belongs to a temporary event, which is operated by the government. So all enterprises hope to become Olympic suppliers). While the main purpose of emergency logistics is to meet the basic living needs, so the types of goods needed are relatively single, involving fewer types of perishable commodities, without considering the classification of commodities in transit; the alternative points of DCs need to be reconstructed by assuming the location of the DCs, see Rezaei-Malek et al. [34] , Toregas et al. [40] , Perrier et al. [30] . Therefore, BEL differs greatly from other logistics in problem description and constraint setting, and has its own characteristics.
If perishable goods are not stored properly or distributed in time, food poisoning will easily occur after deterioration. VOLUME 7, 2019 This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see http://creativecommons.org/licenses/by/4.0/ Commodity safety has always been the focus of BEL. In real life, due to the different demand for each kind of commodity at each demand point, it is necessary to allocate a reasonable proportion of multi-vehicle (different capacity limitation) to achieve the optimal combination of the type and quantity of goods loaded. Furthermore, it is necessary to adopt the mode of multi-point distribution (i.e. one-to-more in one route) instead of direct distribution (i.e. one to one in one route) in order to improve the full-load rate of vehicles, reduce the number of vehicles used, and reduce the dispatch cost.
Considering the multi-participatory nature of the event, it is necessary to ensure that perishable goods are delivered to venues in the shortest time in order to reduce the safety risk caused by the deterioration of goods. That is to say, BEL is a multi-objective combinatorial optimization problem about time and cost. Our main contribution is to find out the unique problems by discusssing the differences between BEL and other logistics, such as multi-demand points, multicommodities, multi-temperature control requirements (classified storage, classified transportation), multi-vehicle type, bi-objective, etc. We also propose a comprehensive mathematical modeling framework which explicitly captures many practical aspects that play an important role in shaping the optimal structure of BEL networks. In particular, our model focuses on the following strategic issues:
• How to determine the location scheme and combined storage strategy for different types of perishable commodities?
• How to determine the number of each type of vehicles used in each DC?
• How to determine the type and the quantity of goods to be loaded and the distribution route for each vehicle?
• How does the sensitivity of different types of perishable commodities to bi-objectives (time and cost) affect the location-routing results respectively? The rest of the article is organized as follows. In section II, we review the literature most relevant to our research. In section III, we describe the problem and make assumptions. In section IV, we presents a set of targeted mixed integer linear programming model and then strengthen it. Section V takes Beijing 2022 Winter Olympic Games as an actual case, tests the calculation results, carries out sensitivity analysis on important parameters, and gives management inspiration. Section VI gives some concluding comments.
II. LITERATURE
Ignoring the routing design when locating the DCs may result in a suboptimal solution. In fact, the location and routing problem are always interdependent and must be considered at the same time (see Prins et al. [31] , Mehrjerdi and Nadizadeh [27] ). Laporte et al. [24] believed that the goal of location and routing problem is to locate one or more depots within a set of sites and build a delivery route from the selected depot(s) to other remaining sites, and at least make the system cost the lowest, which includes depot-related costs (storage costs, operating costs), vehicle-related costs (acquisition costs, dispatch costs), and route-related costs (transportation costs), similarly see Jarboui et al. [20] , Laporte et al. [23] . Compared to minimum cost problem, Saber et al. [37] aimed to find the best location of the server nodes to assign the demand points to different servers and routes in an overall optimal way to minimize the total transport time.
Ghaffari-Nasab et al. [13] considered that people cannot know the exact transportation time of vehicles between each pair of the nodes beforehand, so it is very important and necessary to study the influence of stochastic travel time on the location-routing problem. Thus, he assumes that these random variables are independent of each other and belong to continuous distribution, and puts forward some mathematical programming formulas with two objectives (time + cost), which are modeled by a variety of stochastic programming methods. Some scholars consider the bi-objective issues including economic objective (the lowest total cost of logistics system) and social objective (the least impact on the environment), see Toro et al. [41] , Caballero et al. [5] . In addition, Tavakkoli-Moghaddam et al. [39] take into account the bi-objective of maximizing total demand and minimizing total cost. Furthermore, Samanlioglu [36] proposed a bi-objective, mixed integer and location-routing model for a variety of hazardous waste (multi-commodity) management problems. The model solved two problems: the location of different waste treatment (recycling) centers and the distribution of different types of hazardous waste to treatment centers matching their technologies, similarly see Boccia et al. [3] , Rieck et al. [35] , Ghorbani and Jokar [14] , Rahmani et al. [33] .
Asgari et al. [1] considered not only multi-objective and multi-commodity, but also multi-vehicle with different capacity constraints. They believe that considering multi-vehicle, i.e. vehicle compatibility constraints, can increase the full load rate, thereby improving transport efficiency, similarly see Contardo et al. [7] , Wu et al. [44] , Yang and Sun [46] . However, when calculating transport costs, they simplify multi-commodity into a single commodity, i.e. assuming that transport costs are independent of the type of waste and only depend on the load amount, the types of vehicle and distance of transport. Besides, it should be pointed out that this kind of computing mode is ubiquitous in the direct distribution mode, similarly see Musavi and Bozorgi-Amiri [29] , Isabel et al. [8] , etc. On the calculation of transportation cost in the multi-point distribution mode, Vahdani et al. [43] put the model further simplified to assume that transport costs are independent of load amount, and only depend on transport distance and the cost per unit distance. Similarly see Escobar et al. [10] , Contardo et al. [6] , Barreto et al. [2] , Prins et al. [32] , etc. In fact, none of the limited literature about multi-point distribution in Table 1 considers the load amount of transportation between two nodes in the calculation of transportation cost. The research status and research necessity will be introduced in detail in the following part of the perishable commodity literature. Through the above research, it is found that the characteristics of the products are not clearly indicated, or even if indicated, these characteristics are not reflected in the model. In the real world, there is a special kind of product in the logistics object, that is, perishable goods, which have a certain lifetime. For such goods, the usual practice is to consider the time window limit of the lifetime. If it goes beyond the lifetime, here is a time penalty cost, see Hsu et al. [19] , Fujiwara and Perera [12] . There is also a view that the perishability will affect the inventory level, which is reflected in the model that the upper limit of inventory is independently constrained by the perishability, see Hiassat et al. [18] .
In addition to considering the impact of perishability on transport cost, Musavi and Bozorgi-Amiri [29] also propose a function between product quality and customer purchase probability. In this function, the main factors involved are the total arrival time, the lifetime of the commodity and the attenuation point of the quality of the commodity. The relationship among these factors is also our focus in modeling. Furthermore, the authors also consider the problem of carbon emissions, then build a multi-objective mixed integer linear programming with minimum total transportation time, maximum food freshness and minimum vehicle carbon emissions.
Due to the variety of perishable goods, different types of goods have different temperature control requirements, which in turn leads to a multi-product problem. Rezaei-Malek et al. [34] consider that relief products are classified into many categories, and each category has a strict and fixed lifetime. In the parameters, the penalty cost of excessive holding of different relief products, the penalty cost of commodity shortage, the purchase cost and the unit transportation cost are stipulated. Then they build a multi-commodity and multi-objective integrated model to determine the optimal location and distribution plan, as well as the optimal ordering policy for renewing perishable commodity inventory in the pre-disaster stage. Turan et al. [42] analyse a multi-commodity two-level inventory problem with uncertain demand from the perspective of maximizing sales volume, that is, the distribution of perishable products from central warehouse to retail stores. In order to simplify the model, the problem of classified storage and classified transportation of different types of commodity was not considered.
However, goods with different temperature control requirements usually cannot be mixed for storage and transportation in commercial circulation. Correia et al. [8] first propose that in the storage process of perishable goods, the distribution center needs to be sub-area configured. Among them, small and medium areas are used to store frozen goods, refrigerated areas are used to store dairy products, eggs, etc., and special cold storage areas are used to store fruits and vegetables. Obviously, different areas correspond to different storage costs. As for the study of classified transportation of multi-vehicle and multi-commodity considering vehicle capacity limitation, we did not find such considerations in the location-routing literature of perishable commodity, but in a literature on location of various types of toxic wastes and treatment technologies, in which the constraints clearly specify that different types of wastes must be transported by designated vehicles, see Asgari et al. [1] .
In terms of transportation cost of perishable commodity, most of the literatures considering the direct distribution involve the influence of load amount on transportation cost under different distance conditions, see Boudahri et al. [4] , Correia et al. [8] , Rezaei-Malek et al. [34] . However, in the literature considering multi-point distribution (include the literature about non-perishable commodity), either the transportation cost of every arc (road) is defined directly in the parameters (see Khalili-Damghani et al. [21] , Boccia et al. [3] ), or the transportation cost is calculated by multiplying the cost per unit distance by total distance (see Vahdani et al. [43] , Yang and Sun [46] ). All of them do not consider that different load amount will lead to different fuel consumption (cost) even in the same road. Especially after serving the last demand point, vehicle returns to the original starting point without refrigeration or load amount, so the transportation cost should be very low. In this paper, we will quantify these realistic details.
We have summarized the above research on locationrouting problem. As shown in Table 1 , our modeling framework integrate many factors that are not considered in the literature simultaneously, containing multi-target, multicommodity, multi-vehicle, perishability, vehicle capacity limitation, classified transportation, multi-point distribution, etc. In particular, we consider the weight of empty vehicles and study the impact of different load amount on transportation cost and delivery time in different road to try to match the reality.
III. PROBLEM DESCRIPTION
After the start of the event, in order to distribute perishable goods to venues in as short a time as possible, it is necessary to establish appropriate scale and quantity of DCs with storage function around venues and cities to meet the demand while ensuring the quality of goods. In reality, the location of demand points, i.e. venues, is known, and their demand can be predicted by the data of similar historical events. Regarding the selection of candidate points for DCs, the way of renting existing urban DCs is adopted to reduce the waste of social resources and achieve sustainable development. At the same time, the capacity limitation of distribution center depends on the actual storage capacity of each cold chain enterprise; the perishable commodities that need to be stored and distributed, including meat products, aquatic products, dairy products, fruits and vegetables, all have different temperature storage requirements, so they can not be mixed in the same vehicle, as shown in Figure 1 ; as for distribution vehicles, there are many types with different capacity constraints. Vehicles start from the DC and return to the starting point after the completion of distribution tasks; regarding the location objective, the weak economic characteristics of BEL determine the need to give priority to the distribution timeliness, however, taking into account that the preparation of the event has a long enough planning period, there is no reason to blindly improve the distribution efficiency regardless of any cost. Therefore, on the premise of meeting the timeliness, cost factors need to be considered.
Decision-making problems are as follows: how to choose the location of DCs, under the multi-constraints of meeting the demand of venues, DC capacity constraints, vehicle capacity constraints and classified transportation constraints of perishable commodities, determine the combined storage strategy of various DCs for various commodities, determine the number of vehicles required, determine the distribution route of perishable commodities, and achieve the dual goals of minimum total delivery time and total cost.
In addition to the general setting just described, we declare further aspects underlying our problem • Every DC can store every product as far as setup for it; • A DC can supply multiple demand points; • A demand point can be supplied from different DCs for different products. However, each product required by a demand node should be shipped form a single DC and using a single vehicle. In particular, it is assumed that the capacity of the available vehicles is greater than the demand for each food at each venue;
• The existing vehicles are enough for the entire transportation needs;
• There are different types of vehicles in terms of capacity, transportation costs and transportation time;
• Different products cannot share the same vehicle;
• Every vehicle is assigned a route starting in a DC visiting one or several demand points and returning to the same DC;
• Transshipment among DCs is not allowed; • The demand for every product in every demand point is known in advance;
• During transportation a product may loose its freshness. This is accounted as the so-called freshness loss which is quantified using a penalty cost caused by the decline of customer satisfaction. Nevertheless, freshness loss has no consequence in terms of the quantity of the products delivered.
• All types of food are measured in the same units. We do not loose generality with this assumption since if this is not the case, we can use appropriate capacity consumption factors and reduce any situation to the one we are considering).
IV. OPTIMIZATION MODEL
In this section we introduce a MILP model for the problem just described. We start by introducing the relevant notation: Sets I , set of locations for the DCs; J , set of demand nodes (event venues); K = I ∪ J ; V , set of vehicles available for shipping the products from the DCs to the demand nodes; P, set of products.
Parameters l kk , road distance between k and k (k, k ∈ I ∪ J ). This distance may be possibly ''corrected'' to account for congestion (see Section V for further details). d jp , demand for product p ∈ P in demand node j ∈ J ; q i , maximum amount of all products that can be stored in DC i ∈ I ; f ip , fixed setup cost incurred at DC i ∈ I to prepare it for storing product p ∈ P. h p , unit holding cost of product p ∈ P;
capacity of vehicle v ∈ V (maximum payload that the vehicle was designed to carry); DC v , fixed cost for using vehicle v ∈ V , TC kk v , transportation cost per unit weight for vehicle v ∈ V for the road connecting nodes k and k , (k, k ∈ K ) (see Section V for further details). c kjvp , unit penalty cost (possibly zero) for decreased freshness of product p ∈ P transported by vehicle
an arbitrarily large number.
Decision variables s ip , amount of product p ∈ P stored at DC i ∈ I . r f ivp , amount of product p ∈ P in vehicle v ∈ V when it departs from DC i ∈ I . r l kk vp , amount of product p ∈ P in vehicle v ∈ V when it departs from node k directly to node k . r u jvp , unloading amount of product p ∈ P from vehicle v ∈ V when it arrives at node j ∈ J . x kk vp , binary variable equal to 1 if vehicle v ∈ V loaded with product p ∈ P travels directly from k to k and 0 otherwise (k, k ∈ K , k = k ). z ip , binary variable equal to 1 if DC i ∈ I is setup for product p ∈ P and 0 otherwise. y ijp , binary variable equal to 1 if product p ∈ P destined to demand node j ∈ J is stored in DC i ∈ I and 0 otherwise.
We can finally formulate the problem as the vectorial optimization problem depicted at the top of the next page.
In this model, the objective function (1) accounts for the entire cost to be minimized. This includes the setup cost for the DCs, the holding cost, the transportation cost and the cost associated with decreased freshness. In turn, objective function (2) represents the total delivery time for the products stored during the planning horizon. Constraints (3) ensure that the amount stored in a DC during the planning horizon to distribute in the day immediately after is limited due to operational restrictions. Constraints (4) state that a product can be stored in a DC in some period if the DC has already been setup for that product. This ensures that in each period, a DC is setup for receiving at most one product as stated in the conditions underlying the problem. Constraints (5) ensure that all the products required by the demand nodes are stored in some DC. Constraints (6) are flow conservation constraints of products volume during transportation; they guarantee that when a vehicle carrying some product visits a node, it leaves in that node the demand of the node for that product. Constraints (7) ensure the consistency between variables r and x. Constraints (8) represent that the sum of loading amount of p in all vehicles when they depart from DC i is less than the holding amount of p in DC i. Constraints (9) show that unloading amount in node j is equal to the corresponding demand. Constraints (10) ensure that the vehicle can only be loaded at the DC. Constraints (11) ensure that a route is built for every vehicle (when it enters a node it has to leave). Equalities (12) state that every demand point should be visited by one vehicle for every product demanded. Constraints (13) guarantee that if a vehicle carrying some product leaves a DC and visits a demand node then the demand for that product in that node was stored in that DC. Finally, Constraints (14)- (20) are the domain constraints of the decision variables.
Remark 1: In the above model, M denotes a large quantity used to enforce some binary variables to be equal to 1 if that is the case. We can tune these large amounts. For instance, in Constraints (4) we can replace M by j∈J d jp . In Constraints (22) M can be replaced by |J |.
Remark 2: In the presence of Constraints (13) , it is easy to conclude that variables y ijp will always be equal to 0 or 1 even if the integrality condition on those variables is removed. Accordingly, we can replace (20) by 
v∈V p∈P r f jvp = 0, ∀j ∈ J
k ∈K
k∈K v∈V
Note that the variables are bounded above by 1 due to equalities (5) .
A. MODEL ENHANCEMENTS
The model just presented becomes of a large-scale one when large instances are considered. Accordingly, it is important to find ways for strengthening the model (see Glover [15] , McCormick [26] , Escudero and Romero [11] ).
One possibility for doing so it to include the following inequalities:
These constraints are consistency constraints between y-and z-variables and stating that a DC can only distribute some product if the product stored in that DC, i.e., if the DC was prepared for receiving that product. They are redundant in the original model.
A second possible enhancement is to consider the following inequalities:
The above constraints state that if a vehicle leaves a DC with some product that the DC was setup at some point for that product. These constraints are redundant in the original model but they can speed up the process of finding an optimal solution to the problem when a general purpose solver is used.
Remark 3: In the presence of Constraints (23) the integrality of the z-variables becomes automatic and thus we can replace (19) by
B. HANDLING THE TWO OBJECTIVE FUNCTIONS
Weighting method is the most commonly used approach to multi-objective, where the attainment of each objective is weighted by its importance to the decision maker. These are then used to express a single combined objective function to evaluate the decision. In this paper, let z mp denotes the objective function value of each types of product p (e.g. z 2p = k,k ∈K v∈V t kk v x kk vp , k = k ), and the relationship between Z m and z mp is as shown in equation (25) .
Let α mp denote the weight of the commodity p in the target m. Since the sensitivity of different commodities to time and cost is different, the weight also changes, and the sum of all the target weights of each commodity p is 1. Let Z denote the weighted target, which can be used to replace the target (1) and (2) . Its function expression is as shown in equation (26) .
Concerning the road distances, for every pair (k, k ) we take kk as the euclidean distance between the nodes multiplied by a factor, γ (positive number greater than 1). As for the reason, we find that the location of asymmetrically distributed points is very sensitive to distance measurements, and the use of Euclidean distances leads to a suboptimal solution. The common practice is to add a correlation coefficient. As mentioned in Section IV this distance may be corrected to account for congestion. With this purpose, we consider a valueˆ kk denoting the ''extra length'' (possibly zero) to be considered between k and k to represent congestion. In fact, a congested road can be looked at as the corresponded road if not congested with some extra length, that is, l kk = kk + kk . furthermore, we assume thatˆ kk = α kk β kk kk , where α kk ∈ {1, 0} represents the (typical) road condition (1 for congestion and 0 otherwise) between k and k ; β kk , is the delay factor to be considered for the road between k and k in case it is congested.
As far as the penalty costs c kjvp are concerned we assume that
where c p : unit purchasing cost of product p ∈ P; v v : average speed of vehicle v ∈ V ; θ p : freshness sensitivity coefficient of product p ∈ P; σ : proportion of decline in consumers' satisfaction for unit of decrease in freshness of product; ϑ: rate of reaction, which varies with temperature;
The above expression is derived from the Arrhenius formula (e.g. see Logan [25] and Laidler [22] , Taoukis et al. [38] ).
In terms of the transportation cost per unit weight for every vehicle, we take
where NC v is a (normal) transportation cost for vehicle v ∈ V per unit distance and per unit weight and PC is a (extra) transportation cost caused by congestion and traffic accidents per unit length and per unit weight.
Finally, for the traveling times t kk v we compute them assume that t kk v = kk v v + WTˆ kk , where v v is the average speed of vehicle v in the road between k and k if this road is not congested, and WT stands for the waiting time caused by congestion and traffic accidents in unit length.
B. CASE STUDY
Based on the Beijing 2022 Winter Olympic Games, we obtain geographic information and storage (demand) information from 170 cold chain enterprises and Beijing Organizing Committee of Olympic Games (BOCOG) through investigation, and then use ARCGIS 10.5 to retrieve the latitude and longitude map of Beijing, thus mapping the actual distribution of 84 data (75 cold chain enterprises (capacity ≥ 1000 tons); 9 Olympic venues (the Olympic venues within one kilometer merge into one virtual venue)). As shown in Figure 2 , although some venues are located in non-Beijing areas, we assume that Olympic food is uniformly allocated from Beijing for safety reasons, so the DC will be located in Beijing. Each venue requires four different types of food every day: frozen products (e.g. meat, seafood, ice cream, etc. −18 • C or less), ice-temperature products (e.g. eggs, milk, chocolate, etc. −2 -2 • C), refrigerated products (e.g. vegetables, fruits, etc. 0 -10 • C), other temperature control products (e.g. wine, coffee, grain, etc. 10 -25 • C), which need to be stored and transported separately according to different temperature requirements. The specific parameters of the products are shown in Table 2 . For cold chain distribution vehicles, as shown in Table 3 , we classify them into four types according to the actual circulation of the society: 9.6m, 7.6m, 6.8m, 4.2m, and assume that the number of vehicles is enough, so each vehicle only needs to be dispatched once, and return to the starting point after completing the task. At the same time, snow, ice and fog in winter may cause road failures, so we set a random number with α kk to 0 or 1, β kk to 0-1. Other parameters are shown in Table 4 .
C. CLUSTER ANALYSIS
The main purpose of K-MEANS algorithm is to divide the samples into several clusters by minimizing the distance from each sample point to the centroid. In view of certain geographical distribution characteristics for the venues and DCs in Beijing, they are more suitable for classification according to distance. Besides, DCs only distribute in fixed areas, which conforms to the location criteria of BOCOG, namely regional distribution, clear responsibilities and scattered risks. Moreover, we discuss the different impacts of long-distance transportation and short-distance transportation on perishable product in next section, which also verify the significance of clustering analysis for regional division. The solution ideas are as follows:
• k venues (DCs) are randomly selected as the initial centroid µ i ;
• Cycle the following operations until the stopping rule is satisfied, that is, no centroid changes again: b. Calculate the distance from each venue j to each centroid µ i and assign the venue to the nearest cluster; c. Update the centroid of each cluster µ i = 1
It can be seen from Figure 2 (a) that the 9 venues are concentrated in three areas: Beijing area, Yanqing area and Zhangjiakou area. Among the 75 DCs, the central area of Beijing is densely distributed and scattered to the northwest, north, east and southwest. Thus, the initial centroid k of the venue is set to 3, and the initial centroid k of the DC is set to 5. We set up 30 iterations to achieve no cluster center changes again coding in MATLAB R2017b. Then the calculation ends. Compared with Figure 2 , the clustering situation of Figure 3 conforms to the geographical distribution characteristics and achieves a better clustering effect.
Based on the shortest distance principle of region matching, we match the five DC areas with the three venue areas separately to filter out the invalid areas. The model is described below. min Z 3 = i∈I j∈J p∈P ij y ijp (27) subject to i∈I y ijp = 1, ∀j ∈ J , p ∈ P
The calculation results about y ijp are shown in Table 5 , where y ijp indicates whether product p ∈ P destined to demand node j ∈ J is stored in DC i ∈ I . If so, it is 1, otherwise 0. Beijing area is allocated to zone 3, and ''Yanqing + Zhangjiakou'' areas are allocated to zone 5. Zones 1, 2, and 4 are filtered out. 
D. RESULTS ANALYSIS
Branch and bound algorithm can be used to solve MILP problem. Its advantage is that the optimal solution can be obtained. This algorithm is built into CPLEX, which can solve many large-scale problems in the real world and its operation speed is very fast (e.g. see Melo et al. [28] , Gourdin and Klopfenstein [16] ).
According to the above processing results, we solve ''Beijing zone'' (BJ) and ''Yanqing + Zhangjiakou zones'' (YZ) respectively. The MILP model in this paper is programmed by GAMS 26.1.0 and solved by CPLEX 12.8.0. The processing environment is Intel Core i5-4210U (2.7GHz), Figure 4 and Figure 5 .
In order to display all the calculation results more concretely, the above figures are divided into two parts. As can be seen from Figure 6 , the distribution method is mainly based on multi-point distribution mode in one route (one to many), and some other venues are directly matched (one to one). For multi-point distribution, the main purpose is to reduce the total distribution time by reducing the number of vehicles used and increasing the vehicle load. For instance, P 2 : 11→1→3→4→11, P 4 : 12→2→1→3→4→12. For direct distribution, there are three main considerations. First, due to the limitation of vehicle capacity, the largest vehicle can not meet the demand of all venues, so there is always an unmet demand for a venue; second, this mode can reduce the penalty costs of freshness (although multi-point distribution can reduce the total distribution time, the distribution time for a single venue is longer than that of direct distribution); the third is to reduce dispatch costs and transport costs (multipoint distribution means using larger vehicles, which always require higher dispatch costs and higher fuel consumption). Therefore, in order to achieve the dual objectives of the lowest total distribution time and cost, some DCs adopt the heterogeneous vechicles which combines multi-point distribution with direct distribution. For instance, DC 13, which uses three kinds of vehicles to transport P 3 , V 2 : 13→5→6→13, V 3 : 13→8→7→13, V 4 : 13→9→13. The above description is in line with the actual situation in life.
In addition, we find that the longer the transport distance, the more likely the system chooses the direct transportation mode (e.g. YZ, 13 times of transport, of which 6 times for direct distribution, mainly use small vehicles, and the largest vehicle is not used); the shorter the transport distance, the more likely the system chooses the multi-point distribution mode (e.g. BJ, 7 times of transport, of which 2 times for direct distribution, mainly use large vehicles, and the smallest vehicle is only used once). For the reason, it has already been mentioned above. That is, the freshness of the perishable product is significantly affected by the transportation time, and for a single demand point, the multi-point distribution mode increases the carrying time of the product required. So the longer the transport distance, the less suitable for a larger number of multi-point distribution. This is a conclusion that has not been found in other literatures.
More importantly, the number on each arc (route) in Figures 6 (c) (d) represents the actual load of the vehicle in this section, which is an important factor affecting the transportation costs (for any arc, different load means different transportation costs). That is, there are great differences in transportation costs among the three states of full load, non-full load and empty load even on the same arc. Moreover, we consider the empty weight of vehicle in the model. So when the vehicle ends the service at the last demand point, the return trip for empty vehicle still generates less transportation costs, which is one of the main innovations of this paper. The above location results combined with routing strategy achieve the dual objectives of the lowest total distribution time and cost.
Another innovation of this paper is that multi-commodity and perishability are considered simultaneously, and multi-vehicle distribution can not be mixed with different commodity types. Therefore, the setting of parameters related to food perishability will inevitably have an important impact on location and distribution results. We performe sensitivity analysis for α mp . The results are shown in Figure 7 .
α mp denotes the sensitivity of food p to cost and time, and the sum of weights is 1. Taking time sensitivity as an object, we set its value range in [0.1, 0.9]. From Figure 7 , we can see that with the increase of time sensitivity, the overall trend of four types of food is that the total delivery time decreases and the total cost increases. That is to say, as mentioned above, the total distribution time decreases because more multi-point distribution methods are adopted, which will result in an increase in the penalty cost of freshness, dispatch costs, and transportation costs.
Specifically, the hyperbolic distribution characteristics of different types of food are still different. The cost curve of P 1 increases the earliest and most persistently because it belongs to the refrigeration category ( −18 • C or less). As long as the refrigeration temperature is kept low enough, it is not easy to deteriorate, and its value is the highest. Therefore, once the cost-sensitive weight is lowered and the distribution time is reduced, the cost will increase sharply. Accordingly, the cost curve increases obviously in [0.2, 0.5] in the figure. Similarly, P 4 belongs to normal temperature food (10 -25 • C), which is also sensitive to cost, and increases obviously in the cost curve of [0.1, 0.4]. P 2 belongs to ice-temperature food, and its storage temperature is only −2 -2 • C, which is most sensitive to time. Therefore, in the process of changing judgement from cost-sensitive to time-sensitive, the delivery time decreases sharply, as shown in the figure, the time curve decreases in [0.4, 0.6]. P 3 belongs to refrigerated food (fruits and vegetables), which has a large temperature control range (0-10 • C) and is not easy to deteriorate, and its cost is the lowest compared with the other three categories, that is, the sensitivity to time and cost is weak, so the hyperbolic change is not obvious. It should be noted that the hyperbolic variation of the four types of food is not completely monotonous, because the cost curve is not the total cost of the four types of food. In the process of solving the optimization problem, there will be optimal combination strategies for different types of food. The management enlightenment is that in the design of logistics schemes, the sensitivity of different types of food to different objectives should be clarified before the optimal location-path decision can be made.
VI. CONCLUSION
By considering the commodity freshness penalty function, we constructed a mathematical model that meets the characteristics of BEL with the goal of minimizing time and cost. In particular, we consider the impact of different load amount on the transportation cost of different routes, and the impact of empty vehicle weight on the transportation cost of return routes, which is more realistic. Due to the limitation of the model, we strengthened the model by reducing the number of 0-1 variables and increasing the solution space limitation. According to the characteristics of the problem, the data are filtered, and the problem is decomposed by parallel methods, so that the exact algorithm can be used to obtain the optimal solution in a short time. According to the solution results of actual cases, we realize the best combination of location, multi-commodity storage strategy, multi-vehicle use, loading amount and distribution routes, while recognizing the relationship between the freshness of perishable goods and consumer satisfaction, and the sensitivity of different types of goods to time and cost will have an important impact on the results. Therefore, through sensitivity analysis, combined with practical problems, different parameter settings are analyzed. By comparing the differences between different results, the practical problems are explained, and management enlightenment is provided for decision makers, which better solves the problems of BEL. The idea of modeling and solving in this paper is also applicable to the logistics network planning of all other kinds of events.
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